The advent of new technologies transforms the manufacturing paradigm and facilitates the emergence of "smart" factories. The increased flexibility of modern production tools increases the scheduling complexity. In this work, we propose to deal with Partially Flexible Job-shop Scheduling Problem using a heterarchical approach based on intelligent products. According to its manufacturing process, an Intelligent Product (IP) requests a set of services from Service Providers. The IP collects data to precise the current scheduling context. Using this context and applying a reinforcement Q-learning approach, the Intelligent Product chooses and applies the most suitable Machine Selection Rule and Dispatching Rule to deal with complex scheduling problems.
INTRODUCTION
Nowadays, emerging from new concepts such as the Internet of Things or cyber-physical systems, "Industry 4.0" defines a new organization of factories, turning them into "smart factories". Thus, the use of advanced technologies provides increased flexibility in the management of industries. New interactional and computational capabilities have allowed the development of new Cyber-Physical Production Systems (CPPS) (Bagheri et al., 2015; Lee et al., 2015) . The introduction of CPPS brings more flexibility but induces complex issues for the scheduling of production jobs.
The particular case of partial flexibility makes the scheduling more difficult, complicates the search space, and increases the computation time (Kacem et al., 2002) . Inspired from problems frequently encountered in industries as pharmaceutical or food industry, this paper proposes a distributed approach, based on cyber-physical systems and a reinforcement learning technic, to solve those realistic problems.
Many papers had proved the interest of introducing smart entities to enhance flexible manufacturing process (Jimenez et al., 2015; Barbosa et al., 2013) . If few works use machine learning combined with intelligent product (IP) (Sallez et al., 2009) , none really applied Q-learning techniques with IP to solve partially flexible job-shop scheduling problem (P-FJSP) in a dynamic environment. In the present paper, after presenting the concept of P-FJSP, an overview of the treated problem is provided. In the third section, a distributed control approach of CPPS using IP with Reinforcement Learning technics is described. The fourth section introduces simulation data and gives some results. Then, the final section brings conclusion and prospective for future research works.
PARTIALLY FLEXIBLE JOB-SHOP SCHEDULING PROBLEM
Partially flexible cells are built with heterogeneous types of resources or services providers (SP) characterized, inter alia, by a dynamic environment with frequent jobs arrival, a variation of processing times and setup times. These times can vary according to the selected SP, the scheduled product family and the prior sequence.
The present section proposes a quick review of three points. First, different scheduling problem classification and the machine selection problem in FJS are described. Second, the constraints of scheduling with processing and setup times variation are exhibited. Then last, the dispatching rules and learning effect used in the Flexible Job-shop Scheduling Problem (FJSP) are overflown.
Flexibility and Machine Selection Problems
In a FJSP, a service can be offered by more than one SP. The FJSP, from the perspective of operational research literature, is considered as a generalization of the classical job-shop problem (JSP) (Trentesaux et al., 2013) . The main difference between FJSP and the general JSP is that, in FJSP, a resource can provide different types of services. In (Kacem et al., 2002) , the flexibility of a job-shop is classified as total (T-FJSP) or partial (P-FJSP).
In FJSP, a direct consequence of multiple jobs assignment possibilities is that a job operation can be processed on several alternative resources. To obtain an efficient scheduling, most approaches reported in the literature require that the assignment of jobs to resources is already made (Subramaniam et al., 2000) . The FJSP solving consists on select a sequence of services and an assignment of start/end times and resources for each service (Kacem et al., 2002 ).
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Copyright © 2017 IFACTraditionally, in the JSP, the assignment of operations to the SP is not a priori fixed. That is why many papers used a twophase method to face the FJSP. First the assignment problem is solved, then, a second step tries to resolve the sequencing of the assigned jobs on machines (Trentesaux et al., 2013) .
Processing and Setup time's Variation
Setup times appear in a plethora of industrial and service applications (Kopanos et al., 2009) . Frequently, in modern production systems, a setup operation is required to change the type of part on the machine. This setup times directly impacts the processing completion time (Choi, 2016) . These extra processes have a great influence on the CPPS performance. In (Allahverdi, 2015) , the author outlines the importance of explicitly consider the setup phases when scheduling decisions are made in order to increase productivity, eliminate waste, improve resource utilization, and meet deadlines. In the previous paper, setup times are classified as sequences dependent or independent. They are considered as sequence-dependent when the extra-time required for a given service (job) depends on which job was processed on the resource previously.
In the family-based scheduling paradigm, the manufacturing cell concept (or group technology) is generally used. In (Chen et al., 2013) , the authors define job families as pregrouped jobs with same process requirements; therefore, two products of a same family have the same processing time on a SP. Else, setup time can vary from an SP to another, according to the specific job family. Moreover, setup is not required if two jobs of the same family are consecutively processed. Those setup operations induce significantly complex scheduling problems (Kopanos et al., 2009 ). An example of family-based variation of processing and setup times is given in a case of High Pressure Liquid Chromatography (HPLC) tests scheduling in a pharmaceutical industry in (Bouazza et al., 2014) .
Dispatching Rules in a Dynamic Environment
On one hand, centralized approaches like MIP or CPLEX are well adapted for small-sized problems. But, they are inefficient and impractical for solving large-sized problems owing to the increased computation time requirement (Joo & Kim, 2015) . On the other hand, dispatching rules are quick, generally intuitive, and easy to enforce (Ouelhadj & Petrovic, 2009) . Furthermore, rescheduling is often mandatory to minimize the effect of disturbances on the overall CPPS. That is why dynamic dispatching rule scheduling, using by a decentralized control architecture, dispatches jobs when necessary using few available information very quickly (Vieira et al., 2003) . The problem of scheduling in the presence of real-time events, denoted by dynamic scheduling, is of great importance for the successful implementation of real-world scheduling systems (Ouelhadj & Petrovic, 2009 ). In the literature, many job-shop scheduling methods have been reported. Most of these approaches focus on the static scheduling problem. Dynamic events, such as job arrivals, are ignored to make the scheduling problem more controllable. In addition, job-shops are increasingly equipped with multipurpose resources, and require various scheduling strategies to take account of multiple jobs routes (Subramaniam et al., 2000) .
In such distributed environment, decisions are made generally by self-centred agents only interested by their own objectives (Lee et al., 2012) . The decisions are then local and mainly do not go along with global performance of the system. This phenomenon, due to lack of visibility for the IP, is also called myopia (Zambrano Rey et al., 2014) . To mitigate this kind of degradation, the chosen optimization objective is overriding.
In conclusion of this state of art, there are two main motivations to work on this particular problem. First, despite the few works treating of them, scheduling problems of partially flexible job-shop are frequently encountered in industry, particularly in the case of production cells with dissimilar machinery (Bouazza et al., 2015) . Second, specific scheduling constraints do not allow the implementation of most of the existent FJSP algorithms in a dynamic environment. Indeed, very few solutions consider interoperability constraints, setup variations and processing times due to heterogeneous resources.
In the next section, a CPPS model based on Intelligent Product and using contextualisation concept is presented.
PROPOSED APPROACH
In this study, we aim to demonstrate the efficiency of Qlearning technic to enhance the decisional process of an Intelligent Product, facing several FJSP, in a dynamic cyberphysical manufacturing environment. The present section presents our CPPS model and explains the reactive behaviour of the learning IP.
Model of the Cyber-Physical Production System
In the proposed Cyber-Physical Production System, a product-driven approach is used and two main entities are considered:
-The resources are considered as Services Providers able to give services according to different product families. Those resources are grouped in cells according to the different services skills. Each resource can support a service for a product family, with a specific processing time and eventually a setup extra-time. Each resource has an input queuing zone, which is assumed infinite. In this paper, only products are able to take decisions, and resources are considered as passive entities without decisional capability. -The products are assumed to be decisional entities, called "intelligent" products. An IP is able to communicate and make decisions in order to reach an assigned goal, and operates autonomously without any central control entity (Sallez et al., 2010) . To reach a final manufactured state, each product has an ordered list of services to obtain and is assumed belonging to a product family. Each products family groups several products of the same type in a single category with same specifications.
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